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A B S T R A C T
Despite response surface methodology (RSM) has been the most preferred statistical tool for optimizing ex-
traction processes, artiﬁcial neural network (ANN) has been one of the most eﬀective tools used for optimization
and empirical modelling since the last two decades, most especially for non-linear equations. Thus, this study
was carried out to compare the performance of RSM and ANN in optimizing the extraction yield and antioxidant
capability of extract from Vernonia cinerea leaves using microwave-assisted extraction (MAE) techniques. The
responses (extraction yield and antioxidant capabilities) were modelled and optimized as functions of four in-
dependent MAE parameters (irradiation time, microwave power level, ethanol concentration, and feed-to-sol-
vent ratio) using RSM and ANN. The coeﬃcient of determination (R2), root mean square error (RMSE) and
absolute average deviation (AAD) were employed to compare the performance of both modelling tools. ANN
model has a higher predictive potential compared to RSM model with higher correlation coeﬃcients of 0.9912,
0.9928 and 0.9944 for extraction yield, DPPH and ABTS scavenging activities, respectively. Thus, ANN model
could be a better alternative in data ﬁtting for the MAE of antioxidants from Vernonia cinerea leaves.
1. Introduction
Traditionally, plants are being used in treating diﬀerent infectious
diseases. There has been a shift from the production of synthetic drugs
in treating diﬀerent ailments to the use of herbal drugs because syn-
thetic drugs have been reported having a side eﬀect in human body. In
fact, World Health Organization has suggested the use of natural-oc-
curring products from plants in tackling most diseases (Qi, 2015). Re-
cently, interest in the discovery of natural antioxidant has grown be-
cause most infectious diseases like cancer, diabetes and cardiovascular
disorders are related to free radical cells. Likewise, the clinical and
epidemical shred of evidence has suggested that frequent consumption
of fruits and vegetables reduce the threat of suﬀering chronic diseases.
In another way, consuming the phytochemicals from plants are quite
safer than synthetic ones (Lahlou, 2013).
Vernonia cinerea (Asteraceae) is one the herbaceous plants mostly
found in Africa, India and Asia. This plant is commonly referred to as
little ironweed which is mostly grown in an open waste area, roadside
and dry grassy surrounding. Traditionally, this plant has been used as
medicine to treat ailments like skin diseases, cough, bronchitis, asthma,
malaria, cancer, gastrointestinal disorder, diuresis, pains, and diabetes
(Prasopthum et al., 2015; Youn et al., 2014). The presence of several
bioactive compounds such as ﬂavonoids and glycosides, phenolic
compounds, terpenoids, sesquiterpenes, amyrin, and stigmasterols in
the extracts of Vernonia cinerea leaf made them possess diﬀerent phar-
macological properties, which include anti-inﬂammatory, analgesic,
anthelmintic, and antioxidant. The juice from Vernonia cinerea leaf is
being given to children suﬀering from a urinary infection. More so,
consumption of the extracts had been reported to have no adverse ef-
fect. In fact, the plant is being consumed as herbal tea for cigarette
withdrawal smokers (Inpuron et al., 2013; Prasopthum et al., 2015). It
has been reported that Vernonia cinerea leaf extract has strong anti-in-
ﬂammatory and antioxidant properties. In addition, the extracts
showed a protective role against DNA damage and radiation-induced
oxidative stress (Prasopthum et al., 2015). Although studies had been
carried out on its antioxidant activity using conventional extraction
methods like Soxhlet and maceration, whereas no literature has re-
ported the optimization of the MAE of extraction yields and the anti-
oxidant activities (DPPH and ABTS) of Vernonia cinerea leaf extract
comparing RSM and ANN.
Microwave-assisted extraction technique is one of the novel
methods that can improve eﬃciency, quality yields of extract in shorter
extraction time and reduced solvent consumption (Dahmoune et al.,
2014). It is one of the dominant trends of green chemistry movement.
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This method has been used to extract antioxidants from Pistacia lentiscus
leaves in comparison with other methods (ultrasound-assisted and
conventional solvent extraction), the results showed that MAE gave
higher yields of antioxidant capacity (Dahmoune et al., 2014). The
following conditions can aﬀect the performance of MAE, viz, irradiation
time, extraction temperature, microwave power, solvent/feed, and
solvent concentration, thus, there is a need to optimize these para-
meters.
Response surface methodology (RSM) is a mathematical and sta-
tistical tool used in studying the eﬀects of individual input variables on
the output responses. This tool is used for building and designing ex-
perimental models, evaluating the signiﬁcance of each input variable,
and determining the optimal conditions for predicting response (Huang
et al., 2017). Recently, artiﬁcial neural network is being used as an
alternative to RSM for modelling technological process. ANN is a non-
linear computational models tool used in food analysis for solving en-
gineering problems. Its principle is based on establishing a nonlinear
mapping between dependent and independent variables that require no
prior knowledge of the correlation between targeted responses. This
principle has been likened to a human brain in two ways: training
process is used for the network in receiving knowledge from an en-
vironment and interneuron connections are used in storing the acquired
knowledge (Ameer et al., 2017). In addition, ANN has higher eﬃciency,
accuracy and ﬂexibility in experimental data ﬁtting, prediction and
modelling of non-linear correlation when compared with RSM (Huang
et al., 2017; Sinha et al., 2012).
The main objective of this study is to model and optimize the MAE
conditions, which include microwave power, irradiation time, feed/
solvent ratio, and solvent concentration for the recovery yield and an-
tioxidant activities of Vernonia cinerea leaf using RSM and ANN. The
prediction eﬃciencies of both optimization tools were compared using
the coeﬃcient of determination, root mean square error and absolute
average deviation.
2. Materials and methods
2.1. Plant and chemicals procurement
Vernonia cinerea leaves used in this study were procured fresh from
Universiti Malaysia Pahang surrounding. The leaves were washed with
tap water to remove any adhering dust and air dried until constant
weight was attained. The moisture content of 0.01 ± 0.04 g water/g
dry sample was recorded. The dried leaves were then ﬁnely ground to
powder and stored in a polyethene bag before extraction process.
Ethanol, methanol, 2,2-diphenyl-picrylhydrazyl (DPPH), potassium
persulfate, and 2,2′-Azino-bis-3-ethylbenzothiazoline-6-sulfonic acid
(ABTS+%) were purchased from Sigma-Aldrich Sdn Bhd Selangor,
Malaysia. Distilled water was collected from Faculty of Chemical
Engineering and Natural Resources laboratory.
2.2. Microwave-assisted extraction process
The microwave-assisted extraction was carried out in an enclosed
ethos reﬂux microwave extractor (maximum power capacity of 1000W
and frequency of 2450MHz Milestone, Italy). A 10 g of powdered
sample was extracted using ethanol as an extracting solvent based on
the experimental design matrix. The eﬀects of independent factors on
the extraction yield and antioxidant capacities of Vernonia cinerea
leaves were evaluated at diﬀerent irradiation time interval (1–5min),
microwave power level (500–700W), feed-to-solvent ratio
(1:18–1:14 g/ml), ethanol concentration of 20 to 60%, and at constant
temperature of 80 °C (Table 1). All the extracts were ﬁltered and con-
centrated to dryness using a rotary evaporator (Buchi Rotavapor R-200
coupled with Buchi Vac V-500 pump, Switzerland). The extraction yield
of Vernonia cinerea leaf was then determined using Eq. (1).
= ∗Yield of extracts Weight of extracts w
Weight of dried plant powder w
% ( )
( )
100%
(1)
2.3. Antioxidant capacities of Vernonia cinerea leaf extract
2.3.1. DPPH scavenging capacity
The antioxidant capacity of Vernonia cinerea leaf extract was mea-
sured using 2,2-diphenyl-1-picrylhydrazyl (DPPH) according to the
method described by Alara et al. (2017). Brieﬂy, 0.2 ml of the extract
was added to 2ml of 0.1mM DPPH solution, the absorbance at 517 nm
was recorded after 30min of leaving the mixture to incubate in the dark
at room temperature. The percentage of antioxidant activity was cal-
culated using Eq. (2). The analyses were carried out in triplicate and the
mean values were recorded. Methanol was used as a blank.
= − ∗DPPH scavenging activity A A
A
% 100%c s
c (2)
where Ac represents the absorbance of control (a mixture of DPPH so-
lution and methanol) and As is the absorbance of the mixture of Ver-
nonia cinerea leaf extract and DPPH solution.
2.3.2. ABTS+% scavenging capacity
The scavenging activity of the Vernonia cinerea leaf extract on
ABTS+% was carried out according to the method previously described
by Alara et al. (2017). In brief, the stock solution of 2.45mM potassium
persulfate and 7mM ABTS+% solutions in equal volumes were allowed
to incubate for 12 h in the dark at room temperature. Prior to the
analysis, fresh working solution of ABTS was diluted in methanol to
obtain an absorbance value of 1.1 ± 0.02 at 734 nm. A 2850 µl of
ABTS+% solution was then added to 1.5 ml of plant extract and absor-
bance of the mixture was measured at 734 nm using UV–VIS Spectro-
photometer (Hitachi U-1800, Japan) after 120min of leaving it to in-
cubate in dark at room temperature. The percentage of antioxidant
activity was calculated using Eq. (3). The analyses were carried out in
triplicate and the mean values were recorded. Methanol was used as a
blank.
= − ∗+ABTS scavenging activity A A
A
% 100%c s
c
·
(3)
where Ac represents the absorbance of control (a mixture of ABTS so-
lution and methanol) and As is the absorbance of the mixture of Ver-
nonia cinerea leaf extract and ABTS+% solution.
2.4. Experimental design
2.4.1. Screening study and response surface methodology modelling
A number of factors including irradiation time, microwave power,
solvent concentration, and solute-to-solvent ratio can signiﬁcantly in-
ﬂuence the Vernonia cinerea leaf extraction yields and its antioxidant
capacities. Thus, Response surface methodology was employed to
evaluate the optimized conditions and relationship between the de-
pendent responses (extraction yield and antioxidant capacities) and
independent factors (irradiation time, microwave power, feed-to-sol-
vent ratio, and ethanol concentration) on the extraction of Vernonia
cinerea leaf. Face-centered central composite design (FCCCD) in RSM
was applied to develop a quadratic model for describing the extraction
process. The ranges and coded levels (−1, 0, +1) for the factors in-
vestigated were irradiation time (1–5min), microwave power level
(500–700W), feed-to-solvent ratio (1:18–1:14 g/ml), and ethanol con-
centration (60–80%). The response factor, Y (extraction yield, % w/w
and antioxidant capacities using DPPH and ABTS, %) can be expressed
as a function of the independent factors using a response surface
quadratic model (Eq. (4)).
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where various xi values are independent factors aﬀecting the dependent
responses Y; β0, βi, βii, and βij are the regression coeﬃcients for inter-
cept, linear, quadratic, and interaction eﬀects, respectively; k is the
number of factors and ε is the error.
The FCCCD was generated using a Design Expert 7.0 software®
(Version 7.1.6, Stat-Ease Inc., Minneapolis, USA). A total number of 30
experimental runs were carried out containing six replications at the
central points (Table 1). The validity of the developed quadratic model
and statistical signiﬁcance of the regression coeﬃcients were de-
termined using analysis of variance (ANOVA). The interactions among
the independent factors and their corresponding inﬂuence on the ex-
traction yield were examined using response surface contour plots.
2.4.2. Artiﬁcial neural networks modelling
In this study, the artiﬁcial neural network (ANN) was developed for
describing the Vernonia cinerea leaf extraction process. The same data
used for RSM, viz, irradiation time, microwave power level, feed-to-
solvent ratio, and ethanol concentration were used to determine the
response outputs (extraction yield and antioxidant capacities) using
ANN. Artiﬁcial neural network is a simpliﬁed mathematical and com-
putational model inspired by structural and/or functional part of the
biological neural network. Likewise, ANN is being used as a powerful
tool in predicting the behaviour of a particular system, to evaluate the
existing and design a new processes (Sinha et al., 2013). It works based
on an input layer (independent factors), a number of hidden layers and
output layer (response factor). Each layer consists of a number of
interconnected processing units known as neurons, signals are sent
when the neurons interact (Sinha et al., 2012, 2013). External sources
send information to the input layer, these input data weighted singly
will then pass through the hidden layer for processing and thereafter,
output data will be produced based on the grand total of weighted data
from input layer modiﬁed by a sigmoid transfer function (Sinha et al.,
2013).
In this study, MLP neural network architectures were trained. There
was an input layer of four neutrons (consisting of four extraction
variables), one hidden layer of ﬁve neurons and an output of three
neutrons as presented in Fig. 1. The input-output patterns used were
obtained from FCCCD extraction design matrix. All the artiﬁcial neural
network calculations were done using Neural Network Toolbox of
MATLAB Version 7.9 (R2009b).
2.4.3. Comparison between the RSM and ANN prediction capacities for the
optimization of Vernonia cinerea leaf
Diﬀerent statistical analyses including coeﬃcient of determination
(R2), root mean square error (RMSE) and absolute average deviation
(AAD), are being used in comparing the eﬃciency of RSM and ANN
(Sinha et al., 2013). These three statistical tools are calculated using
Eqs. (5)–(7).
= −
∑ −
∑ −
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Table 1
Experimental design matrix for MAE of Vernonia cinerea leaf using FCCCD.
Std X1 X2 X3 X4 Observed values (experimental) Predicted values
RSM ANN
Yield
(% w/w)
Antioxidant
(%)
Yield
(% w/w)
Antioxidant
(%)
Yield
(% w/w)
Antioxidant
(%)
DPPH ABTS DPPH ABTS DPPH ABTS
1 1 400 1:18 20 17.12 65.67 69.32 16.26 63.98 67.85 17.43 67.66 69.57
2 5 400 1:18 20 17.19 65.42 69.01 16.92 65.86 69.44 17.42 68.00 68.14
3 1 600 1:18 20 17.07 65.16 68.87 17.20 66.79 70.39 17.43 67.66 68.70
4 5 600 1:18 20 16.70 66.14 68.82 16.57 65.90 69.41 16.58 68.00 68.14
5 1 400 1:10 20 13.01 66.05 69.60 13.22 66.45 69.85 13.28 68.76 68.55
6 5 400 1:10 20 12.59 64.96 68.65 12.82 65.27 68.99 11.59 67.41 68.00
7 1 600 1:10 20 13.84 68.39 71.76 13.45 67.21 70.71 13.49 69.62 71.16
8 5 600 1:10 20 12.12 63.62 67.56 11.76 63.26 67.29 11.59 65.69 67.13
9 1 400 1:18 60 18.70 80.97 82.62 19.25 82.25 83.83 18.48 81.35 80.88
10 5 400 1:18 60 18.76 80.78 82.62 18.80 80.98 82.88 18.47 81.70 79.45
11 1 600 1:18 60 16.61 75.26 77.84 16.03 73.97 76.72 16.18 75.36 75.66
12 5 600 1:18 60 14.31 69.43 72.72 14.29 69.94 73.21 13.64 70.57 71.62
13 1 400 1:10 60 19.72 83.14 83.91 19.50 82.40 83.54 19.58 82.46 80.73
14 5 400 1:10 60 17.94 78.78 80.92 18.00 78.07 80.14 17.89 78.53 79.30
15 1 600 1:10 60 15.12 71.58 74.44 15.58 72.06 74.75 14.96 73.90 72.90
16 5 600 1:10 60 12.29 64.25 68.11 12.79 64.97 68.79 11.59 65.69 68.00
17 1 500 1:14 40 19.08 82.00 83.78 19.78 83.11 84.70 18.92 81.42 81.71
18 5 500 1:14 40 18.75 81.37 83.25 18.71 80.50 82.51 18.48 80.91 80.28
19 1 400 1:14 40 20.99 85.59 86.98 21.27 86.11 87.30 20.80 83.98 83.45
20 5 600 1:14 40 18.75 81.24 83.04 19.14 80.96 82.90 18.69 80.91 80.28
21 3 500 1:18 40 18.40 81.43 83.24 19.55 80.59 82.54 18.05 80.85 80.31
22 3 500 1:10 40 17.76 78.25 80.45 17.28 79.34 81.33 17.47 77.69 78.43
23 3 500 1:10 20 15.35 71.93 74.92 16.80 72.63 75.58 14.74 73.41 73.21
24 3 500 1:10 60 19.59 83.07 84.81 18.81 82.62 84.32 19.36 82.82 81.91
25 3 500 1:10 40 19.50 82.68 84.37 19.96 84.11 85.66 19.36 81.97 81.04
26 3 500 1:10 40 20.38 84.48 85.92 19.96 84.11 85.66 20.40 82.82 81.91
27 3 500 1:10 40 20.49 84.69 86.12 19.96 84.11 85.66 20.51 82.82 82.43
28 3 500 1:10 40 20.41 84.44 85.97 19.96 84.11 85.66 20.41 82.82 81.91
29 3 500 1:10 40 20.53 84.50 85.99 19.96 84.11 85.66 20.55 82.99 82.78
30 3 500 1:10 40 20.47 84.61 86.11 19.96 84.11 85.66 20.41 82.82 82.78
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where YPredicted is the predicted data obtained from either RSM or ANN,
YExperimental is the experimental data, Ym is the average, and n is the
number of experimental runs (n= 30).
3. Results and discussion
3.1. RSM models
The experimental results obtained from the MAE of Vernonia cinerea
leaf based on FCCCD with six centre points are shown in Table 1. The
second-order polynomial models (relating independent variables with
responses) in terms of coded values as predicted by Design Expert
software are shown in Eqs. (8)–(10).
= − − − + −
− − − − +
− + − −
Y w w X X X X X X
X X X X X X X X X X
X X X X
(% / ) 19.96 0.53 1.07 1.14 1.00 0.32
0.26 0.28 0.18 1.04 0.83
0.72 0.24 1.55 2.16
Yield 1 2 3 4 1 2
1 3 1 4 2 3 2 4 3 4
1
2
2
2
3
2
4
2 (8)
= − − − + − −
− − − − − −
− −
Y X X X X X X X X
X X X X X X X X X X
x X
(%) 85.66 1.09 2.20 0.60 4.37 0.64 0.61
0.63 0.42 2.41 0.57 2.06 0.56
3.73 5.71
ABTS 1 2 3 4 1 2 1 3
1 4 2 3 2 4 3 4 1
2
2
2
3
2
4
2 (9)
= − − − + − −
− − − − − −
− −
Y X X X X X X X X
X X X X X X X X X X
x X
(%) 84.11 1.30 2.57 0.62 5.00 0.69 0.77
0.79 0.51 2.77 0.58 2.31 0.58
4.15 6.49
DPPH 1 2 3 4 1 2 1 3
1 4 2 3 2 4 3 4 1
2
2
2
3
2
4
2 (10)
where X1 is irradiation time (min), X2 is microwave power (W), X3 is
feed/solvent (g/ml), and X4 is ethanol concentration (%).
Table 2 illustrates the analysis of variance results of the second-
order polynomial models. It can be clearly seen that the models (ex-
traction yield, DPPH and ABTS scavenging activity) were highly sig-
niﬁcant, as it is evident from the F-values (25.07, 94.71 and 96.90,
respectively) with a low probability value (p < 0.0001). The coeﬃ-
cients of determination (R2) obtained for Eqs. (8)–(10) indicate that
95.90%, 98.88% and 98.91% of the variation in extraction yield, DPPH
and ABTS scavenging activities, respectively can be explained by the
independent variables (Irradiation time, X1; Microwave power, X2;
Feed/solvent, X3; and Ethanol concentration, X4). All the independent
variables have a signiﬁcant eﬀect on the responses (p < 0.05). Also,
predicted R2 (0.8094, 0.9286 and 0.9295, respectively) values show
good agreement with adjusted R2 values (0.9208, 0.9784 and 0.9789,
respectively). Low values of coeﬃcient of variance (CV=4.39, 1.55,
1.31%) indicated that the models were reliable and precise (Alara et al.,
2017, 2018). The lack of ﬁts for the models are insigniﬁcant, indicating
good ﬁttings. More so, the quadratic terms of independent variables
were signiﬁcant for only feed/solvent and ethanol concentration.
For extraction yield, the interactions between the variables showed
that microwave power and ethanol concentration, and feed/solvent and
ethanol concentration signiﬁcantly contributed to the recovery yields
from Vernonia cinerea leaf. In the case of DPPH and ABTS scavenging
capacities, interaction between microwave power and feed/solvent,
and feed/solvent and ethanol concentration were not signiﬁcant
(p > 0.05) on the antioxidant recoveries. Thus, the models can eﬀec-
tively predict the extraction recovery yield and antioxidants from
Vernonia cinerea leaf.
Contour plots were drawn to evaluate the eﬀects of interaction be-
tween the independent variables on the responses (Fig. 2A–C) and to
determine the optimal MAE conditions for maximum extraction yields
and antioxidant scavenging activities. A contour plot presents a gra-
phical technique used in representing three dimensional surface by
plotting two independent variables while maintaining all others at
constant level. Fig. 2A1 showed the combined eﬀect of microwave
power and irradiation time on extraction yield from Vernonia cinerea
leaf when feed/solvent and ethanol concentration were kept at 0.07 g/
ml and 46.58%, respectively. Increasing irradiation time from 1 to
2min and microwave power from 400 to 443W resulted in optimum
extraction yield of 21.0138%w/w. Further increase in the irradiation
time and microwave power tends to reduce the yield. This may be due
to the fact that, the microwave heating may be too strong to breakdown
the bioactive compounds in the plant matrix. Likewise, long extraction
time beyond 2min may degrade the phytochemicals in the plant sample
leading to lower recovery yield. In the same vein, the interaction eﬀect
of feed/solvent and irradiation time is shown in Fig. 2A2, the optimum
extraction yield was attained when irradiation time and feed/solvent
were increased to 2min and 0.07 g/ml, respectively. Increasing feed/
Fig. 1. Topology of ANN architecture.
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solvent beyond limit may decline the mass transfer which can cause
lower heating eﬃciency, that result in reduced recovery yields from the
plant matrix. In the same vein, extraction yield as a function of irra-
diation time and ethanol concentration indicated marked increase
when microwave power and feed/solvent were kept constant at 443W
and 0.07 g/ml, respectively (Fig. 1A3). There was a gradual signiﬁcant
increase in the yield as ethanol concentration increased from 20 to
46%. Similarly, maximum extraction yield was obtained as the micro-
wave power and feed/solvent increased to 443W and 0.07 g/ml, re-
spectively (Fig. 1A4). Similar results were obtained for the interaction
between ethanol concentration and microwave power, ethanol con-
centration and feed/solvent (Fig. 1A5-6). This result is in agreement
with the ﬁndings reported by Dahmoune et al. (Dahmoune et al., 2015),
higher total phenolic content yield had been recovered using a binary
Fig. 2. RSM contour plots for the responses.
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solution of ethanol and water (42:58, v/v) at an irradiation time of 62 s.
Therefore, the predicted MAE optimum conditions for obtaining max-
imum extraction yields of 21.0138% w/w from Vernonia cinerea leaf
were: irradiation time, 2.05min; microwave power level, 443.60W;
feed-to-solvent ratio, 1:14 g/ml; and ethanol concentration, 46.58%.
3.2. ANN models
ANN has been a powerful tool for optimizing and simulating ex-
traction processes. Thus, it was used to develop models for describing
the microwave-assisted extraction of yields and antioxidant capabilities
of Vernonia cinerea leaves. As shown in Fig. 1, a three layer (input,
Fig. 2. (continued)
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hidden and output) was employed in this study. The experimental re-
sults used for RSM was as well employed to predict the optimal archi-
tecture of ANN (Table 3). It was limited to the selection of suitable
numbers of neurons in the input, hidden and output layers as deﬁned in
the experimental design. The number of neurons in the hidden layer
was chosen after a minimum error of the predictive models was
achieved. Firstly, the neural network was optimized to obtain an ANN
model with minimal dimension and errors in training and testing. In
this study, the inputs were irradiation time, microwave power, feed/
Fig. 2. (continued)
Table 3
Comparison between RSM and ANN modelling.
Parameters RSM ANN
Yield DPPH ABTS Yield DPPH ABTS
R2 0.9590 0.9888 0.9891 0.9912 0.9928 0.9944
RMSE 0.54 1.54 2.40 0.36 0.83 0.74
ADD (%) 2.56 1.82 0.02 1.80 0.97 0.01
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solvent, and ethanol concentration; while the outputs were extraction
yields and antioxidant capacities of the extracts using DPPH and ABTS.
The data portioning (training, testing and cross-validation) were carried
out to avoid excessive training and over-parameterization. The good-
ness of ﬁt between the observed and predicted response data form ANN
models are shown in Fig. 3a–c with correlation coeﬃcients of 0.9912,
0.9928 and 0.9944 for extraction yield, DPPH and ABTS scavenging
activities, respectively. Higher correlation coeﬃcients reﬂect the re-
liability of the predictive models using ANN.
The performance of RSM and ANN modelling of extraction yield and
antioxidant capacitity of Vernonia cinerea leaves were compared using
the coeﬃcient of determination (R2), root mean square error (RMSE)
and absolute average deviation (AAD) as shown in Table 3. Although,
both RSM and ANN models resulted in the good quality of predictions,
however, higher values of R2 with lower values of RMSE and AAD
showed that ANN models can eﬀectively predict the responses with
higher estimation capabilities compared to RSM. This improved accu-
racy of the ANN can be due to its universal ability to approximate the
non-linearity of the system, but RSM is only based on a quadratic
polynomial. In addition, ANN possesses the ability to evaluate multi-
response in a single process, whereas in RSM it has to be run severally
(number of parameters to be predicted). Predictions similar to the ob-
tained results had been reported in several studies (Ameer et al., 2017;
Pilkington et al., 2014; Sinha et al., 2013). Thus, it will be more reliable
and adequate to interpret microwave-assisted extraction of antioxidants
from Vernonia cinerea leaves using ANN architecture.
4. Conclusion
In this study, the MAE conditions of antioxidants from Vernonia
cinerea leaves have been optimized comparing RSM and ANN model-
ling. The coeﬃcient of determination (R2), root mean square error
(RMSE) and absolute average deviation (AAD) were employed to
compare the performance of both modelling tools. ANN model has a
higher predictive potential compared to RSM model. Thus, ANN model
could be a better alternative in data ﬁtting for the MAE of antioxidants
from Vernonia cinerea leaves.
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